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Abstract 
The main objective of this research is to predict the national unemployment rate using unemployment rates at regional level that 
are registered for the Romanian counties. In this study the annual unemployment rates for the 42 counties (including Bucharest) 
are used over the period 2005-2010 to construct one spatial autoregressive process (SAR) on panel data and to make predictions 
for 2011-2014. The spatial rho is quite large and it shows that the neighbouring changes in unemployment rate in the previous 
period will affect the county unemployment in the current period. At 5% level of significance for 2013 the spatial auto-
correlation for unemployment rate in Romanian counties is not significant. Most of the counties had the unemployment rate in 
2013 in the interval [5.36%; 6.54%]. For 2014 the forecasts that use the SAR process including random effects anticipated that 
the national unemployment rate will be around 4.7%, but there are high chances to be an underestimated value as in the previous 
years ( from 2011 to 2013) was. 
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1. Introduction 
 
In the last few years the spatial econometric has well developed in the direction of econometric relations that start 
from spatial approach of the panel data. This type of data is more informative, considering a higher degree of 
variation and less multi-collinearity between variables. Moreover, the estimation gains in efficiency and different 
effects are considered in this approach that lack in the cross-sectional data. These types of models have been 
estimated for different branches of Economics: labour market, public expenditure, taxes, economic growth and 
agricultural researches. Elhorst (2003 a) made a review of literature related to the estimation of some panel data 
models including spatial error auto-correlation or the case of a dependent variable with spatial lag. Elhorst(2010) 
also provided Matlab routines for estimating several spatial processes using panel data, an empirical application 
being proposed for a demand model. Elhorst(2003 b) made an empirical and theoretical analysis of the studies 
related to unemployment differentials in the regional approach.   
The unemployment rate differs from a region to other but it is usually evaluated at national level. The indicator 
should be analyzed also from regional perspectives, some arguments for this approach being: the magnitude of the 
unemployment rate disparities is an important problem to be discussed in the policy related to the performance 
related tolabour market at regional level, the unemployment disparities are explained by other factors than 
differences related to social security, tax and retirement system, wage bargaining. Moreover, there are cases when 
these disparities become inefficient. Positive effects are: lower inflation rates, higher GDP, social benefits. 
However, a lower local demand is observed in the regions with loss of population because of the transfer to regions 
with lower unemployment rate.  
The paper is structured as it follows. After this introduction, a brief literature review is made and the 
methodology related to the estimation of a spatial AR model that contains random effects is presented. The spatial 
approach related to unemployment rate at regional level in Romania is described in the following section and 
predictions for national unemployment rate using the aggregation approach are made. The last section concludes.  
 
2. Literature review 
 
The regions are usually interrelated because of their proximity. The similar performances in economic field are 
usually attributed to their location. Therefore, the identification of spatial relations is necessary for predicting the 
regional economic indicators. The spatial auto-correlation in the geographic approach is taken into account in the 
new econometric models used to forecast economic issues.  The regions are considered as small economies with 
inter-correlations and regional spillovers. Therefore, as Lacombe (2004) showed, the spatial approach is not 
important only for analyzing the economic and social phenomena, but also for the policy decisions.  
Spatial autocorrelation is evaluated between the values of only one variable, being assigned to the spatial 
proximity of the regions to which the values are associated. This indicator measures the proportion of spatial 
correlation in a variable or checks the hypothesis of randomness. 
If a linear and non-spatial model is employed using OLS, the coefficients estimators are biased. In case of 
insignificant unobserved variables, wehave chose the case of a spatial lag model. A spatial error model is applied if 
the unobserved variables have a relevant effect.   
The counties should be seen as interrelated units and these correlations should be taken into account when 
economic variables are predicted. For designing welfare policies for these counties or for the entire country the 
policy makers should use the most accurate forecasts of the macroeconomic variables. If the spatial dependence is 
considered, in many studies the authors have shown that the forecasts are improved. For example, Patuelli and 
Mayor (2012) estimated heterogenous parameters dynamic panel model by using a spatial filter and a spatial vector-
autoregressive model. Unemployment rate forecasts were built for Spain and Switzerland.  
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Pannenberg and Schwarze (2000) studied the relationship between unemployment and wage in European Union, 
observing an inverse relation between unemployment and wage. The regional data show the instant adjustment of 
wage to changes in unemployment rate. This tendency was also observed for regional panel data in the Western 
Deutschland during 1990-1994.  
Shimer (2001) explained the state-level unemployment rate when considering as explanatory variables the youth 
share and the fixed effects of each year and country.   
The relationship between spatial distribution and unemployment rate has been studied in the welfare policies in 
the context of performance indicators by Patuelly (2007) and Cracolici, Cuffaro and Nijkamp (2007). The analyses 
of spatial correlations on labour market in Germany’s regions have been made by Niebuhr (2003), Elhorst (2007) 
and Longhi and Nijkamp (2007). The neural networks were employed by Patuelly (2007) in order to increase the 
degree of performance for regional employment changes. The large discrepancy in Germany between well-develop 
region Bavaria and Eastern Germany generates spatial heterogeneity that is modelled by integrating the proximity. 
Kosfeld and Dreger (2006) explained that the threshold estimates for unemployment are corrected using the spatial 
dependences.  
Elhorst and Zeilstra (2007) analyzed in the cross-country approach the reasons for the variation in the rates of 
regional labour participation. They used a random coefficients model for regional variables and a fixed parameters 
model for the national variables, by considering the correlations in space and time and the lack of strict exogenity of 
the variables.   
Patacchini and Zenou (2007) showed that it is difficult to explain the unemployment rate disparities in European 
Union because of the shocks and institutional policies. The cross-sectional dependence has been taken into account 
very late, only several studies, among them belonging the papers ofOverman and Puga (2002) and of 
Niebuhr(2003), showing the linkages between close regions.  
Patuelli, Griffith, Tiefelsdorf and Nijkamp (2011) used a semi-parametric approach to eliminate the spatial 
patterns observed in the unemployment rates of German regions. A spatial filter was used as independent variable in 
a type of model that employs panel data in order to capture the errors spatial autocorrelation.  
 
3. Methodology 
We start from the following spatial autoregressive process that uses panel data: 
  (1) 
             (2) 
The dimension of y is NTx1, X has the dimension NTxk,  includes kx1 elements and u NTx1 elements. The fast 
moving index is I and the time indexed by t is slow running: . X’s elements are 
considered asymptotically bounded in module. The second equation gives us the structure of the error term, where 
 is the selection matrix with (Nx1) random vector of individual effects denoted by  that is i.d.d. 
(0, ).  
is the unit matrix with dimension N,  is a vector with N elements of 1. is the vector of errors (NTx1 elements) 
which is i.i.d. (0, ). and v are independent of X and each other. 
 The data are ordered initially by time (t=1,2,…,T) and then by individual elements (i=1,2,…,N). 
 (3) 
- spatial weight matrix (dimension: NxN) with null values on diagonal; it is row-normalized, the inputs 
representing the distance. 
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The sums of columns for   and the column and row sums for  tend uniformly in module towards a 
constant. The absolute value of  is bounded: . The panel data variant of the cross-section spatial 
autoregressive process described by Lee(2003) starts from: 
where  
 (4) 
 (5) 
 (6) 
- correlated with u 
The OLS estimator is not consistent. Let Z=(X, Wy) and . 
 (7) 
2LS is applied to the transformed panel autoregressive spatial process (P). The between effects spatial  two stages 
least squares estimator of  is based on  The variance-covariance 
matrix of u has the following form:  and . By multiplying with 
: 
 (8) 
, ,  
The model can be rewritten as: 
 (9) 
The random effects spatial 2SLS estimator is: 
                                                                                                             (10) 
 
 
4. Modeling unemployment rate in Romanian counties and predicting national unemployment rate 
In this study the annual unemployment rate for the 42 counties (including Bucharest) is employed for 2005-2010. 
Predictions are made for 2011-2014 using an autoregressive process in the spatial approach on panel data. The data 
basis is provided by the National Institute of Statistics from Romania, the primary provider being the National 
Agency for occupying labour force. The unemployment rate in the registered form is computed as the number of 
unemployed people (that were registered to the regional agencies for labour force occupation) over the civil active 
population (unemployed people and civil occupied population that is defined according to the methodology of the 
balance force of labour). 
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The lowest unemployment rate in 2013 was registered by Ilfovcounty (1.9%), which is in increase because in 2012 
the rate was 1.8%. The highest unemployment rate appeared in Teleorman (9.7%). According to the box-plot, the 
unemployment rate in 2013 the median and the average are quite closed and they are around 6%.   
 
Fig. 1. Box-plot of unemployment rate in Romanian counties in 2013 
 
Most of the counties are represented by high values for the unemployment, but two counties have high distances if 
the comparison with other regions from Romania is made likeIlfov county and the capital of the country- Bucharest, 
two neighbouring and developed counties. The standard deviations for these regions are the lowest, according to the 
bubble chart.  
 
 
Fig. 2. Bubble chart for unemployment rate in Romanian counties in 2013 
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The histogram of the unemployment rates in 2013 in the Romanian counties indicates that most of the counties 
have the unemployment rate in the interval [5.36%; 6.54%]. 
 
Fig. 3. Histogram of unemployment rate in Romanian counties in 2013 
 
Moran’s I index for 2013 is negative (-0.019) and close to zero, indicating a negative spatial correlation. The 
corresponding z score for this value of Moran’s I index is around 0.005, which is in the interval [-1.96; 1.96]. The 
conclusion is that at 5% level of significance for 2013 the spatial auto-correlation for unemployment rate in 
Romanian counties is not significant.  
 
Fig. 4. Moran’s I index of unemployment rate in Romanian counties 
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However, a strong spatial auto-correlation can be observed between the unemployment rate in 2013 in Romanian 
counties compared to the values for 2012. A bi-variate Moran’s I index of 0.69 confirms a strong spatial auto-
correlation in time.  
 
Fig. 5. Bi-variate Moran’s I index of unemployment rate in Romanian counties 
 
The estimated SAR process including random effects (Appendix A) for 2005-2010 obtained in STATA is used to 
make predictions of counties’ unemployment rate for 2011-2014. The average of counties’ predictions represents the 
forecasted unemployment rate at national level for the entire country.  ur is the county unemployment rate and ur1 is 
the unemployment rate in the previous period in that county. A cross-sectional process was also proposed (ur-
dependent variable, ur1-independent variable) for 2013 and predictions are provided for 2014. According to 
diagnosis tests, the errors are independent, homo-skedastic and they follow a normal distribution. In Appendix A 
and Appendix B the results of the estimations for both models are presented. The cross-section model was estimated 
in GeoDa, while STATA was used to estimate the SAR process including random effects.  
The indicator called spatial rho is quite large and it shows that the neighbouring changes in unemployment rate in 
the previous period will affect the county unemployment in the current period. The predictions for 2011-2013 are 
underestimated.  
 
Table 1.The unemployment rate (%) predictions in Romania (2011-2014) 
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Year SAR process including random effects Cross-sectional process 
2011 4.27 - 
2012 4.4 - 
2013 4.7 - 
2014 4.66 4.99 
Source: author’s computations 
There are not large differences between the predictions based on the two types of econometric models.  For 2014 
the SAR process including random effects anticipated an unemployment rate of almost 4.7% while the cross-section 
approach a rate of 5%.  
5. Conclusions 
In this study the national unemployment rate was predicted in Romania using the regional approach. For 2014 a 
SAR process including random effects was estimated and the predicted national unemployment rate was around 
4.7%. At 5% level of significance for 2013 the spatial auto-correlation for unemployment rate in Romanian counties 
is not significant. The cross-section model has the deficiency that the spatial auto-correlation is strong and it is not 
suitable. In a future study more types of spatial processes that employ panel data could be built.  
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APPENDIX A. The estimation of SAR model with random-effects 
R-squared Value Log-likelihood 
Within 0.1434 -511.1241 
Between 0.0414 
Overall  0.0140 
ur       
 -0.1647 0.0436 -3.77 0.000 -0.2504 -0.0791 
constant 5.5588 0.5220 10.65 0.000 4.5357 6.5820 
Spatial rho 3.2893 0.3714 8.86 0.000 2.5614 4.0173 
Variance  
lgt_theta 
-1.2321 0.1683 -7.32 0.000 -1.5621 -0.9022 
Sigma_e 1.9272 0.1996 9.65 0.000 1.5358 2.3185 
Direct 
 
-0.1797 0.0398 -4.50 0.000 -0.2579 -0.1015 
Indirect 
 
-0.0893 0.0290 -3.07 0.002 -1.1462 -0.0323 
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Appendix B. Summary Of Output: Ordinary Least Squares Estimation 
Dependent variable UR2013 
Number of Observations 42 
Mean dependent var 6.05238   
Number of variables 2 
S.D. dependent var 2.00609   
Degrees of Freedom     40 
R-squared            0.243821   
F-statistic            12.8975 
Adjusted R-squared   0.224917   
Prob(F-statistic)      0.000889991 
Sum squared residual 127.813  
Log likelihood         -82.9663 
 
Sigma-square         3.19532 
Akaike info criterion 169.933 
S.E. of regression   1.78755   
Schwarz criterion      173.408 
Sigma-square ML      3.04317 
S.E of regression ML 1.74447 
Multicollinearity condition number 7.286745 
Variable  Coefficient  Standard error t-statistic Probability  
Constant  2.511328        1.023858            2.452809     0.0186309 
UR2012 0.4630269       0.1289296        3.591315     0.0008900 
Test  df Value Prob. 
Jarque-Bera 2 0.5543996         0.7579030 
Breusch-Pagan 1 0.009558098         0.9221185 
Koenker-Bassett 1 0.008741519         0.9255095 
White  2 0.04757028         0.9764955 
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